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Computational algorithms for protein design can sample large re-
gions of sequence space, but suffer from undersampling of confor-
mational space and energy function inaccuracies. Experimental
screening of combinatorial protein libraries avoids the need for
accurate energy functions, but has limited access to vast amounts
of sequence space. Here, we test if these two traditionally alterna-
tive, but potentially complementary approaches can be combined
to design a variant of the ubiquitin-ligase E6AP that will bind to a
nonnatural partner, the NEDD8-conjugating enzyme Ubc12. Three
E6AP libraries were constructed: (i) a naive library in which all 20
amino acids were allowed at every position on the target-binding
surface of E6AP (13 positions), (ii) a semidirected library that varied
the same residue positions as in the naive library but disallowed
mutations computationally predicted to destabilize E6AP, and
(iii) a directed library that used docking and sequence optimization
simulations to identify mutations predicted to be favorable for
binding Ubc12. Both of the directed libraries showed >30-fold en-
richment over the naive library after the first round of screening
with a split-dihydrofolate reductase complementation assay and
produced multiple tight binders (Kd < 100 nM) after four rounds
of selection. Four rounds of selection with the naive library failed
to produce any binders with Kd ’s lower than 50 μM. These results
indicate that protein design simulations can be used to create
directed libraries that are enriched in tight binders and that in some
cases it is sufficient to computationally screen for well-folded
sequences without explicit binding calculations.
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Computational design and selection from combinatoriallibraries are alternative approaches for protein engineering.
In computational design, high-resolution models of protein struc-
ture are used to predict amino acid sequences that will stabilize
target protein structures or complexes. Computational design has
been used to stabilize protein structures and interfaces, redesign
protein-binding specificities, and in a few cases build protein
structures from scratch (1–4). Despite these successes, many pro-
blems in protein engineering remain very difficult for computa-
tional design: These include the design of protein–protein
interactions and the creation of enzymes that compare favorably
with naturally occurring enzymes (5–9). In silico ranking of
designed interfaces is challenging because large free energies
of desolvation have to be correctly balanced by hydrogen bonding
and van der Waals interactions that are sensitive to small changes
in atomic positions. As a result, there are often significant errors
in calculated energies for protein-binding events. One advantage
of screening or selecting from large-scale combinatorial libraries
is that it does not rely on the accuracy of an energy function—
each sequence is experimentally tested for the desired function-
ality. Protein selection techniques such as phage display and
ribosome display have been used on many challenging protein
engineering problems, including the creation of protein–protein
interfaces with tight binding affinities (10–12).
A limitation of selection techniques is the size of sequence
space that can be probed; phage display libraries can have a max-
imum of ∼1012 members (13, 14), whereas ribosome and mRNA
display libraries have a maximum size of 1013–1014 members
(15, 16). This restricts how many sequence positions can be varied
in a library and still have complete coverage of sequence space.
Varying 15 sequence positions with all 20 amino acids requires a
library with at least 1019 members. Most computational design
algorithms for fixed-backbone design do not suffer from this
limitation. It is typical to perform design simulations in which
all 20 amino acids are allowed at over 100 sequence positions
on a fixed backbone, and despite the considerable size of the pro-
blem, independent trajectories will output sequences with high
similarity (17, 18). Another potential limitation of large-scale
screening is that it can be difficult to predetermine the location
and mode of binding. In computational design simulations it is
possible to specify the target binding site as well as the relative
orientation of the two molecules.
Here, we test if computational design can be combined with
experimental selection technology to create a protein–protein
interaction. There are many ways that the two methods can
be combined (4, 19–21). One approach is to identify discrete se-
quences with computational design and then use rounds of PCR
mutagenesis combined with screening to search for additional
mutations that enhance the functionality of the computationally
designed sequence. This approach has been used to improve a de
novo designed enzyme (6) and may be particularly useful in cases
where the computationally designed protein already has activity
and it is not clear where additional mutations should be made
in the protein. An alternative approach is to use computational
design to create a directed library biased toward a target structure
or function (22). Mayo and colleagues used this approach to
create a small library of GFP variants (∼1;000 members) and
screened the library for fluorescent properties (23). One advan-
tage of a directed library is that one can vary the sequence at many
sequence positions and still have a library that is small enough
to examine with techniques such as phage display. Compared to
PCR mutagenesis, directed libraries allow for more extensive
sampling of residues clustered in three-dimensional space.
We have used computational design to create a directed library
of variants of the E3 ubiquitin-ligase E6AP that is enriched in
sequences predicted to be favorable for binding a variant of the
Nedd8 conjugating enzyme Ubc12. These proteins do not natu-
rally interact (Fig. S1), but belong to protein families that often
function with each other. The target interface buries ∼13 residues
on E6AP and ∼5 residues on Ubc12. If all interface residues on
E6AP are varied, the library is much too large (∼1017) to make.
Instead, we have used computational design to construct a library
with a unique set of amino acids at each interface position having
a total sequence diversity of 8.1 × 107. Two additional libraries
were also constructed: a semidirected library that varied the same
residue positions as the directed library but only considered
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computationally predicted changes in E6AP stability and a naive
library in which all 20 amino acids were considered at each inter-
face position. We show that both directed libraries are enriched
with binders when compared to the naive library, and we identify
tighter binding sequences from the directed libraries.
Results
Computational Design Simulations. The crystal structure of E6AP
in complex with one of its natural binding partners UbcH7
(Kd ¼ 5 μM) has been solved (24). The large interface between
E6AP and UbcH7 can be divided into three distinct subinter-
faces: a core region that is composed of extensive hydrophobic
interactions and two sets of core-flanking interactions mediated
by solvent exposed residues. The natural binding affinity has
previously been improved 50-fold by designing a core-flanking
interaction (25) (D641K-E6AP and K96S-UbcH7). Despite the
structural similarities between UbcH7 and Ubc12 (26) (1.2-Å
rmsd), E6AP does not bind Ubc12. This is not surprising because
the residues presented on the surface of Ubc12 are significantly
different from UbcH7. For example, the sequences of a target
loop at the center of the interface are different: -GQGYPHD-
in Ubc12 and -PAEYPFK- in UbcH7 (Fig. 1C). In particular,
the phenylalanine in UbcH7 has been shown to be a hot-spot
residue for the interactions of E6AP and other HECT-class E3
ligases with homologs of UbcH7 (24, 27). Ubc12 has a histidine
instead of phenylalanine at this position, but the H63F mutation
does not significantly improve binding between E6AP and Ubc12,
suggesting that E6AP residues at the core interface need to be
redesigned to account for not only the different target side chains,
but also the target loop conformation. A threefold mutant of
Ubc12 (Ubc12) that takes advantage of two UbcH7 residues in
the sequence alignment (L5R and V98A) and the previously
designed K96S mutation binds D641K-E6AP (E6AP) mutant,
albeit with very weak affinity (Kd ¼ 189 μM). Because these mu-
tations lie at two distant core-flanking regions, we reasoned that
the Ubc12-E6AP interface is similar to the solved E6AP-
UbcH7 structure, and redesign of the nonoptimal core region
might remarkably enhance the binding affinity. Thus, the starting
structure for our computational protocol is Ubc12 docked with
E6AP in a binding orientation that resembles UbcH7 bound
to E6AP.
The computational design procedure for predicting sequences
that are favorable for binding Ubc12 involves three distinct steps
(Fig. 1A): perturbation of the rigid-body orientation of the two
domains, docking simulations to find a low-energy rigid-body
complex, and cycles of interface sequence design iterated with
backbone optimization. Independent trajectories were used to
generate a large set of sequences. Because we were interested
in generating a set of sequences that resemble each other, the
initial random perturbation to the docked orientation was kept
small: Specifically, the two proteins were allowed to relatively
translate up to 1 Å in parallel and normal directions. In addition,
a rigid-body rotation (less than 5°) of Ubc12 with respect to
E6AP was allowed. In case of large clashes or distances between
the proteins following the displacement, both proteins were slid
into contact by translation along the vector that is defined by their
centers of mass. Following the initial rigid-body perturbation,
protein docking with a reduced representation of the amino acid
side chains (centroid mode) was used to relieve steric clashes
between the backbones of the two proteins and create space
for side-chain design. Sequence design was performed with a full
atom representation of the side chains and Monte Carlo optimi-
zation of side-chain rotamers and amino acid types. Thirteen
E6AP residues were allowed to change identity during the de-
sign simulations. Neighboring residues on E6AP and Ubc12
were allowed to adopt alternative rotamers. Because the optimal
docked conformation and backbone conformation will change as
the sequence changes, the sequence optimization was followed
by a round of gradient-based optimization of backbone and
side-chain torsion angles as well as rigid-body orientation. Ten
iterations of sequence design and structure minimization were
used to identify a low-energy sequence-structure pair.
The entire protocol was repeated 6,500 times, and the models
were ranked based on their calculated binding energies.
Sequences of the top 323 models were aligned and an amino acid
profile for each designed residue was created (Table 1). Several
sequence positions on the edge of the interface show a wide
spread of amino acid types, whereas smaller sets of amino acids
are observed at the more buried positions. The resulting profiles
reflect the contribution of an amino acid to binding energy as well
as constraints imposed by the E6AP structure. At residue posi-
tions 639, 642, and 682, a limited set of hydrophobic amino acids
dominated the profiles. In addition to interacting with Ubc12,
these residues pack against each other. Indeed, profiles gener-
ated from design simulations with unbound E6AP closely resem-
ble the preferences seen at these positions (Table S1). Thus, the
computational protocol not only optimizes the interface, but also
helps stabilize the unbound form of E6AP, increasing the like-
lihood of expressing well-folded E6AP mutants.
Construction of the Directed Library. Ideally, the directed library
would be constructed using trinucleotides, which would allow
for a very close match between the computationally derived ami-
no acid profiles and the experimental library. However, synthesis
with trinucleotides is still highly specialized, and therefore the ex-
perimental library was constructed using PCR assembly (28) with
partially degenerate oligonucleotides. The experimental diversity
for each residue was determined based on three constraints: the
frequency of amino acid types suggested in the computational
profile, the extent of disfavored amino acid contamination due
to the degeneracy of the genetic code, and the total library size.
For example, for residue 655, a degenerate codon encoding all
amino acid types including the stop codon would need to be used
in order to include all 10 computationally suggested amino acids.
Such a design strategy not only renders computational biasing
meaningless, but also results in a large increase in the library size.
Thus, at position 655 a degenerate codon (WYR: W, A or T; Y, C
or T; R, A or G) was used that allows only five amino acid types
representing 86% of the best models. Apart from two positions
Fig. 1. (A) Computational protocol. Interface-energy minimization allows
for both backbone and side-chain degrees of freedom. (B) A small ensemble
of final models. The search in rigid-body space generates a family of com-
plexes with different orientations. (C) Interface between E6AP (green)
and Ubc12 (cyan) or UbcH7 (magenta) target loops. Orange residues on
E6AP were allowed to vary during simulations.
























(653 and 661), 79–100% of computationally designed amino acid
types were represented in the actual library (Fig. S2). For position
653, we included only ∼53% of the amino acids seen in simula-
tions as we excluded histidine (∼40%). Including histidine would
have required significant changes to the degenerate codon and
the inclusion of nine unwanted amino acids as well as a stop co-
don. The mismatch at position 661 was unintentional (threonine
instead of valine), but was not reverted in the library because
most of the contacts to this position are from within E6AP,
and threonine is predicted to be compatible with the monomeric
structure of E6AP. In fixed-backbone redesign simulations with
E6AP, threonine is seen at position 661 in 73% of the sequences
and valine in 22% of the sequences (Table S1). At position 660,
glycine was the only amino acid observed in the computational
simulations, but we included the other small amino acids alanine,
threonine, and serine in the library to provide alternatives with
more backbone rigidity. The experimental library theoretically
contains 8.1 × 107 different sequences. The actual E6AP mutant
library that we constructed had 5.4 × 107 members.
Screening the Library with a Protein Complementation Assay. The
E6AP mutant library was interrogated for members that bind
Ubc12 using a protein complementation assay (PCA) (29).
The E6AP mutant library and Ubc12 were fused, respectively,
to the two halves of murine Dihydrofolate Reductase (mDHFR)
that are by themselves unable to complement each other. Binding
between an E6AP mutant and Ubc12 brings mDHFR frag-
ments proximal resulting in mDHFR folding and enzymatic
activity, which are required for Escherichia coli growth in the
absence of DHFR enzymatic products. Genetic material from
each round of surviving colonies was extracted and used as a tem-
plate to PCR-amplify a short segment that spans all the designed
residues. The gene pool was recloned for the next round of selec-
tion. After four rounds of selection with increasing stringency, a
total of 8 distinct sequences (12 sequenced) were identified
(Table S2). The consensus sequence emerging after round 4 sug-
gested that the final pool of surviving clones had limited sequence
diversity.
Experimental Characterization of Selected Sequences. The affinities
between five selected E6AP mutants and Ubc12 were measured
in vitro using fluorescence polarization (Table 2 and Fig. 2A).
All mutants bound Ubc12 tighter (up to ∼9;000-fold) than
the parent molecule. The wide range of affinities (23 nM <
Kds < 2.4 μM), even after the fourth round of selection, most
likely reflects the sensitivity of the DHFR screen to protein
expression levels as well as binding affinity. All the clones that
had Kd’s higher than 1 μM had higher expression yields than
the tight binders and E6AP.
Although the directed library allowed certain polar amino
acids such as serine and threonine at multiple positions, the
selected mutants preserve the hydrophobic nature of wild-type
E6AP (Table S2). At positions 634, 639, 642, 655, 659, 682, 690,
and 694, amino acids that were well represented computationally
(>25%) were well represented in the selected binders. At position
635, 638, and 653, the binding sequences contained amino acids
that were observed less frequently (<5%) in the computational
sequences. At position 660 there was either a glycine or proline
in the binding sequences. The glycine was favored computation-
ally, whereas the proline was not considered in our computational
simulations.
As observed in the design simulations, an arginine (residues
634 and 635) was placed near the target aspartate residue of
Ubc12 in all the E6AP variants. The mutation, S638W, poten-
tially contributes to the binding energy via van der Waals inter-
actions and the burial of hydrophobic surface area. In most cases,
the tryptophan is accompanied by a glycine at the neighboring
residue 635. Trp-638 is not paired with Gly-635 in any of our
top 323 models, but in several cases a phenyalanine was paired
with the glycine (Table S3). All selected mutants possessed tyro-
sine instead of phenylalanine at residue 690. This preference may
be explained by a hydrogen bond between Tyr-690 and the target
histidine that was observed in several of the design models. All
other core residues that remained hydrophobic are predicted to
either contribute to E6AP’s monomeric stability or provide the
correct packing arrangement to optimize other interactions such
as the suggested hydrogen bond between Tyr-690 and the target
histidine. In support of this view, for example, residues 653 and
655 are slightly different in mutants “D1” and “D3,” but this dou-
ble mutation (V653L-I655L) increases the dissociation constant
by 47-fold. Two unintended mutations introduced during PCR
amplification were present in several of the binding sequences,
Table 1. Amino acid profiles from the computational design and docking simulations
E6AP residue
V634 L635 S638 L639 L642 M653 I655 I659 S660 Q661 I682 F690 Y694
ARG 41 16 0.6 2.5 0.3
LYS 3.1 0.3 1.9 0.3
HIS 1.2 5.9 1.5 0.3 39 8.0 0.3 0.6 9.3
ASP 7.4 5.6 1.2 1.2 0.6
GLU 9.0 7.1 3.1 3.4 0.6
PHE 0.9 0.3 1.9 0.3 61 19
TYR 0.6 0.9 1.2 0.3 28 17
TRP 1.9 0.6 4.6 7.7 0.3
LEU 3.1 58 15 85 99 2.2 5.0 47
ILE 9.0 0.9 1 1.5 61 43 10
VAL 0.3 2 0.3 19 99 89
MET 0.3 0 0.6 0.6 10 12 1.2
ALA 3.1 2.8 35 9.3 5.3 2.5 4.7
GLY 4.0 1.2 16 1.2 1.9 2.2 100
SER 0 0.6 12 3.4 15 7.7 0.3
THR 2.2 0 3.7 0.6 21 0.9 36
ASN 0.9 0 0.3




Amino acid percentages in the computationally designed sequences. Proline and cysteine were not allowed in the computational protocol.
Shaded boxes indicate the amino acids included in the experimental library.
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Pro660 and Arg629. The binding sequences D3 and D5 (Table S2)
are identical except for Arg629 and have similar binding energies,
suggesting that Arg629 is not critical for tight binding. Similarly,
D1 and D4 are identical except at position 660 (Pro versus Gly)
and position 661 (Thr versus Ala) and have similar binding en-
ergies. In the context of D1, mutating Pro660 to serine weakens
binding by 1.2 kcal∕mol (Fig. 3).
We performed docking simulations to predict the atomic
contacts at the D1-Ubc12 interface (Fig. 3B). The top-scoring
model suggests that Tyr690 and Arg634 form hydrogen bonds
with the target histidine and aspartate, respectively. The rest
of the interface is dominated by hydrophobic interactions. Next,
we used site-directed mutagenesis of the designed residues of D1
as well as the targeted residues on Ubc12 to probe for key inter-
actions and verify that D1 binds to the target surface on Ubc12
(Fig. 3A). All point-mutant reversions back to wild-type sequence
resulted in loss of binding, suggesting that each designed amino
acid is required for optimal affinity. The removal of a hydroxyl
by the Y690F mutation resulted in a 26-fold loss of binding.
Similarly, W638S decreased binding affinity 43-fold. Mutating
Arginine634 had a less dramatic effect on binding affinity (3-fold
weaker), consistent with this position being on the periphery
of the interface. G635L, V653M, and L694Y substitutions wea-
kened the interaction dramatically, most likely due to bulkier side
Table 2. Sequences of library hits and their binding affinities for Ubc12
Directed library
RM† 634 635 638 639 642 653 655 659 660 661 682 690 694 Kd , μM
D1 G629R R G W L L V I I P T V Y L 0.034 ± 0.017
D2 – A R W L L L L I P T V Y Y 60 ± 9
D3 G629R R G W L L L L I P T V Y L 1.6 ± 0.3
D4 G629R R G W L L V I I G A V Y L 0.023 ± 0.016
D5 – R G W L L L L I P T V Y L 2.4 ± 0.5
Random library
R1 – R L F A H G I L E G N P T 103 ± 25
R2 – R L F A H G I L E G R K R >50‡
R3 – R L F T E G I L E G R K R >50‡
Semidirected library
SD1 – R A R L L M I I P P V F V 0.14 ± 0.02
SD2 – R A T L L M I I P P V Y L 0.32 ± 0.06
SD3 E557K, Q637R H V Y L L M I I P P V F V 0.019 ± 0.003
SD4 E685D R C H L L M I I P P V F L 0.052 ± 0.010
SD5 – R A H L L M I I P P V F L 0.039 ± 0.012
WT V L S L L M I I S Q I F Y 189 ± 108
Mutations shown in bold were introduced during PCR between each round of selection. Sequences of additional hits from the directed library are listed in
Table S2.
†RM: Random mutations introduced to unintended residues.
‡Kd values were measured using GST-fused protein as thrombin digestion to cleave the GST tag resulted in partial proteolysis of the target proteins.
Fig. 2. (A) Fluorescence polarization change upon titration of fluorescently labeled Ubc12 with D1 (red) or E6AP (blue). Data points are averages of three
measurements. (B) Coelution of SD3 and D2 with Ubc12. Pure proteins (Ubc12, orange; SD3, purple; D2, blue) or target Ubc12 complexed with SD3 (red) and
D2 (green) were run on Superdex 75 Analytical Size-Exclusion column (Right). Collected fractions for pure target or in complex with the two E6APmutants were
run on SDS-PAGE gel (Left). Fractions for pure E6AP mutants are shown in Fig. S3. Molecular weights for E6AP and Ubc12 are 42 kDa and 18 kDa, respectively.
(C, Top to Bottom) PCA survival for the directed library, naive library, semidirected library, and parent E6AP.
























chains imposing steric constraints on a cooperatively maintained
interface. Likewise, interface mutants of Ubc12 including wild-
type Ubc12 (Ubc12 R5L S96KA98V) bind D1 poorly, indicating
that D1 binds the target surface on the Ubc12 scaffold.
Comparison of Directed Library with Naive and Semidirected Libraries.
By screening a directed library based on protein design simula-
tions, we have identified E6AP sequences that bind Ubc12 with
nanomolar affinity at the target-binding site. Next, we were cur-
ious how well an undirected naive library or a semidirected library
constructed without optimizing the binding energy would
perform on the same problem. The naive library sampled all
20 amino acids and a stop codon at each of the 13 designed re-
sidues. The naive library was similar in size to the directed library,
5.7 × 107 members (∼3.4 × 107 members without stop codons),
but vastly underrepresents the theoretical number of sequences
(1017). After four rounds of selection, we sequenced six clones
from the final pool and identified three different mutants
(Table 2). All three mutants bound Ubc12 with dissociation con-
stants more than 50 μm, indicating only 3-fold improvement in
binding. We also compared the levels of survival for both the
directed and naive libraries after the first round of selection as
well as for the parent E6AP (Fig. 2C). The designed library
yielded a 30-fold higher number of colonies, indicating that
the computational predictions helped enrich the directed library
with true positives.
Next, we examined whether the success of the directed library
was primarily due to correctly predicting favorable interactions
with Ubc12 or a result of enriching with more stable E6AP
sequences. The fixed-backbone sequence optimization of mono-
meric E6AP scaffold (Table S1) suggests that wild-type amino
acids are optimal at several interface positions. We reasoned that
a semidirected library (Table S1) might be built by randomizing
only residues that are proximal to the target residues on Ubc12
and also are predicted to be more tolerant to mutation. Residues
634, 635, 638, and 694 show variability in monomeric E6AP
simulations, and in our starting model they are within 6 Å of
the target histidine and aspartate on Ubc12. Residues 639, 642,
and 655 were not mutated because they were computationally
strongly favored to keep the wild-type amino acid. The remaining
positions contained the wild-type amino acids as well as the sug-
gested mutations. Experimental library size (8 × 107) was similar
to the theoretical diversity (5.6 × 107), suggesting that at least
50% of all possible sequences were sampled.
The library was screened four rounds with PCA, and 17 differ-
ent sequences were identified. For 11 variants (Table S2), we have
measured the affinity against Ubc12 in a GST-fused form using
fluorescence polarization. All but two of the variants bound with
equilibrium dissociation constant below 1 μM, and three of the
variants had values below 100 nM (similar values were observed
following cleavage of the GST tag, Table S2). As an alternative to
fluorescence polarization, we used analytical size exclusion to
compare the affinities between the tight binder SD3 (Kd: 19 nM)
and the weak binder D2 (Kd: 60 μM) isolated from the directed
library. When complexed with SD3, Ubc12 migrated signifi-
cantly faster than its pure form, whereas addition of D2 failed
to increase the migration rate of Ubc12 (Fig. 2B and Fig. S3).
The semidirected library produced several binders with affi-
nities comparable to D1, and survival after the first round of
selection with the semidirected library is similar to the directed
library (Fig. 2C), indicating that enriching the library with well-
folded sequences is sufficient for identifying tight binders. Among
the binders from the semidirected library, five mutated positions
possess identical amino acids, including the unintended mutation
to proline at position 660. Similar to its effect on D1 and D2, Pro-
660 might help stabilize the E6AP scaffold, as it did not have a
large effect on affinity within the context of D1 and D2. The tight
binders from the directed library include Arg-634 followed by a
glycine. Similar to this pattern, Arg-634 followed by Ala-635 was
heavily favored for the semidirected library. Consistent with the
simulation results and the sequences of tight binders from the
directed library, there was a preference for leucine at residue
694. Compared to the other randomized positions, residue 638
exhibits more variability allowing seven different amino acids.
A clear difference between the two directed libraries is the extent
of preference for tyrosine at position 690. Several models for the
directed library suggested a hydrogen bond between Tyr-690 and
His-63, but this hydrogen bond might not exist in the semidirected
library due to altered packing arrangements.
Discussion
Using the directed and semidirected libraries, we were able to
identify several variants of E6AP that bind the target site on
Ubc12 with affinities in the nanomolar range. A similarly sized
library with the E6AP interface positions randomized did not
produce tight binders with high frequency. We did not find any
tight binders among the six positives we analyzed from the naive
library. The success of the semidirected library, which was based
only on considerations of E6AP stability, suggests that enriching
with well-folded sequences was the critical step for identifying
binders. Computationally enriching for folded protein has simi-
larly been shown to aid the selection of proteins with previously
undescribed fluorescent properties and improved enzymatic
activity (23, 30, 31).
At several sequence positions the wild-type amino acid and
amino acids of similar type were favored in the design simula-
tions, regardless of whether the binding partner was included.
These residues are located on a concave surface of E6AP and
form interactions with each other as well as interacting with the
binding partner. At the E6AP positions more tolerant to muta-
tion 634, 635, 638, 653, and 694, different amino acid preferences
were observed when the binding partner was included in the de-
sign simulations. At these positions, the computational amino
acid profiles do not closely match the binding sequences identi-
fied from screening with the directed library. Arg634 and Leu694
were favored in the interface design simulations and were ob-
served frequently in the binding sequences, but the experimental
preferences at 635, 638, and 653 (Gly, Trp, Val, respectively) were
not computationally favored. These results further suggest that
the primary benefit of the design simulations was identifying
positions more tolerant to mutation, rather than identifying
specific favorable interactions with the binding partner.
We anticipate that directed libraries based on scaffold stability
and/or docking simulations will prove most beneficial when using
more rigid proteins and targeting specific surfaces and binding
orientations. In these cases, the environment for each designed
residue is relatively well defined, and, therefore, it is likely that
the modeling studies will identify a unique set of preferred
amino acids for scaffold stability or interaction specificity at each
Fig. 3. (A) Residues on the designed E6AP mutant (D1) were mutated back
to wild-type amino acids. Key target residues on Ubc12 were mutated to
alanine. (B) Predicted model of the interface for design D1 (green) docked
to Ubc12 (cyan). Orange-colored residues were mutated.
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residue position. This is in contrast to protein interaction studies
that make use of flexible loops on antibodies or antibody-like
scaffolds. In these cases the preferred amino acids at each residue
position depend highly on the loop conformation adopted
upon binding, which varies between target proteins and loop
sequences. Antibody or antibody-like libraries with dramatically
reduced amino acid compositions at every position in the recog-
nition loops (for example, just serine and tyrosine) have been
used to identify tight binders against a variety of targets (12, 32).
These libraries succeed in part because the loops adopt confor-
mations that allow favorable interactions with the target. It is
unlikely that this type of library would be the most appropriate
for interactions such as E6AP with UbcH7, because the fixed nat-
ure of the E6AP scaffold places constraints on what amino acids
are allowed at each position. Additionally, binders pulled from a
more degenerate library may be less likely to bind the target in the
preferred orientation.
There are directed evolution strategies well suited to varying
large protein surfaces that are disconnected in primary sequence
and are easily destabilized. Separate libraries for regions of
the interface can be screened and the winners recombined in a
second-generation library. Alternatively, the wild-type residue
can be favored at each varied position or beneficial mutations
can be accumulated through several rounds of random mutagen-
esis and DNA shuffling. All of these approaches require gener-
ating DNA diversity over several rounds of selection. A potential
advantage of including computational design in the process is that
all of the DNA diversity can be specified in a single step because
the design simulations have sufficiently ruled out unfavorable
sequences. Consistent with this view, by introducing only one
round of DNA diversity that is >1;000-fold smaller than typical
phage or ribosome display libraries, we were able to redesign
E6AP to bind Ubc12 over a targeted surface with about 10,000-
fold improved affinity. Hence, the merged approach is likely
to speed up the evolutionary engineering of protein–protein
interfaces.
Although we were able to identify a tight affinity binder, there
are several aspects of the design procedure that could be im-
proved. At several sequence positions the experimental directed
library is missing amino acids observed in the computational
sequences, and at most positions the amino acid frequencies in
the experimental library do not mirror the computational fre-
quencies (Fig. S2). A second round library that fixes consensus
residues from the first rounds of experimental screening, but
includes previously excluded amino acids, may be one strategy
to more completely sample amino acids observed during simula-
tions. Another approach would be to use gene synthesis techni-
ques to exactly include every low-scoring sequence observed
computationally (33). For example, in this case all 323 top-scoring
sequences might be synthesized in a highly parallel format and
each sequence might be assayed individually. This approach will
be more useful in assessing the accuracy and contribution of ex-
plicit docking simulations. Furthermore, in this scenario it would
not be necessary to tightly regulate the conformational diversity
in the simulations, as well-defined amino acid profiles would not
be needed. These small libraries could be further diversified with
PCR mutagenesis or the inclusion of degenerate codons at select
positions.
In summary, computational design and high-throughput
screening have complementary strengths, and in the future we
expect more examples of a merged approach being used to
create functional proteins important in medicine and molecular
research.
Methods
All simulations (SI Methods, Fig. S4) were performed by Rosetta macromole-
cular modeling software. Experimental library construction, PCA selections,
and biophysical characterization are described in SI Methods, Fig. S5 and
Table S4.
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